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Abstract

As deep neural networks grow larger, memory efficiency becomes crucial, with optimizer states of
popular algorithms like Adam consuming substantial memory. This paper generalizes existing
high-probability convergence analysis for AdaGrad and AdaGrad-Norm to arbitrary parameter
partitions, encompassing both algorithms. We reveal a trade-off between coordinate-noise density
and the convergence rate’s dimensional dependency, suggesting an optimal grouping between the
full coordinate version (AdaGrad) and the scalar version (AdaGrad-Norm). This insight leads to
a principled compression approach called Subset-Norm, targeting coordinate-wise second moment
term in AdaGrad, RMSProp, and Adam. We demonstrate the empirical effectiveness of subset-
norm step sizes in LLM pre-training tasks on LLaMA models, showing competitive performance
to baselines like Adam while significantly reducing memory usage for the optimizer’s state from
O(d) to O(+/d) while introducing no additional hyperparameter.

1. Introduction

Training modern deep neural networks, such as large language models (LLMs) and large vision
models (LVMs), is costly. Consequently, theoretical interest in the convergence analysis of adaptive
methods extends beyond asymptotic considerations. It now encompasses not only assumptions
about the objective function (e.g., convexity, smoothness) and stochastic gradients (e.g., noise
distribution), but also non-asymptotic dependencies on the total number of iterations, parameter
count, and failure probability. As deep neural networks continue to grow in the era of LLMs and
LVMs, concerns that were previously overlooked, such as the memory consumption of optimizer
states, have become an active area of research. Indeed, numerous methods have recently emerged
to reduce the memory footprint of optimizer states (e.g. Adam’s momentum and second moment
terms) with approaches ranging from quantization [6, 7, 17], low-rank decomposition [14, 19, 28,
36] , sketching-based dimensionality reduction [12, 22], etc.

Algorithm 1: AdaGrad-Norm Algorithm 2: AdaGrad-Coordinate
Input: 21,7 >0 Input: 71, by € R4, n e R
fort =1to 7 do fort =1to 7 do
by = \/b% + Zle HVf(.%'z)HQ, btﬂ' = \/b%,z + E;’:l ﬁif(l‘j)% (&S [d]’
Tpp1 = a1 — 1tV f(2e); Tpq1i = Toi — %@f(iﬁt), i€ [d];
end end 7
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Algorithm 3: AdaGrad-Subset-Norm

Input: z; € R% and step size n > 0
Data: Partition coordinates into ¢ subsets: [d] = |JS_) U; where U, N0, = () if k # j.
fort =117 T do

b%ﬂ- = bt271,i + H§‘lfzf($t)‘

i1k = Te e — %§f(xt), where k € ¥, for: =0,...,c—1;

2
,fori=0,...,¢c—1;

end

Convergence analysis for adaptive methods like Adam [16] and AdaGrad [9] remains an active
area of research. Recently, [21] presented high-probability noise-adapted and optimal (in terms of
total iterations 7") convergence analyses for AdaGrad-Norm [33] (Algorithm 1) and the standard
AdaGrad [9] algorithm (Algorithm 2) under relaxed conditions, including sub-Gaussian noise and
unbounded gradients. While the per-coordinate version of AdaGrad (Algorithm 2) is primarily
used in practice, certain technical difficulties (as discussed in [21]) have led researchers to focus
theoretical analysis on the normed version (Algorithm 1) as a proxy [3, 15, 20, 21, 33]. While
AdaGrad-Norm has primarily served as a theoretical proxy for the original AdaGrad (and by extension,
for Adam), its practical performance and comparisons against other methods have been underexplored.
Theoretical results for coordinate-wise AdaGrad were limited until recent developments [5, 13,
21], resulting in a scarcity of comparisons between AdaGrad-Norm and coordinate-wise AdaGrad.
There are several advantages of AdaGrad-Norm over AdaGrad-Coordinate that the present results
(Theorem 4.5 and 4.6 of [21]) suggest. First, the current results suggest that AdaGrad-Norm
converges with no dependency on the dimension of the problem i.e. the parameter count. Second,
the memory cost of AdaGrad-Norm is constant whereas AdaGrad-Coordinate needs to maintain
the adaptive step-size state b; € R%. Hence, current theory suggests that AdaGrad-Norm should
be the superior optimizer. However, we perform pre-training experiments to compare the practical
performance between AdaGrad-Coordinate and AdaGrad-Norm: there is a wide gap between AdaGrad-
Norm and AdaGrad-Coordinate, as shown in Figure 1. Indeed, the theoretical comparison previously
discussed is not fair: the noise models and step size dependency on the dimension do not entirely
align as the dimensions could be hidden.

Hence, in this paper, we provide an answer to this discrepancy by unifying the analysis of
AdaGrad-Norm over AdaGrad-Coordinate under both the coordinate-wise sub-Gaussian noise model
and provide a proof that generalizes the adaptive step sizes of the algorithms to be able to use
arbitrary partitions of the model parameters (Algorithm 3).

Our Contributions.

* We unify and generalize high-probability non-convex convergence proofs for AdaGrad-Norm
and AdaGrad-Coordinate under a general adaptive step size using subset-norm (Algorithm 3)
for coordinate-wise sub-Gaussian noise (Section 3.1).

* We analyze the interactions between coordinate noise sparsity, subset size, and convergence
rate’s dimensional dependency, showing that the optimal subset size lies between AdaGrad-
Norm and AdaGrad-Coordinate, depending on noisy coordinate density (Section 3.2).
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* We demonstrate the effectiveness of the subset-norm adaptive step size in LLM pre-training
by incorporating it into Adam [16] and RMSProp [29], replacing the second moment term
with an exponential moving average subset-norm adaptive step size (Algorithms 4 and 5).
This approach outperforms baselines for LLaMA 60M and 130M while using significantly
less memory (v/d instead of d) and requiring minimal additional tuning (Section 4).

2. Preliminaries

We consider the unconstrained non-convex stochastic optimization problem min, g« f(z) where
f : R® — R is the objective function. We assume access to an history independent, non-biased

stochastic gradient V f(z) forany = € X, thatis E {@ f(z) | x] = V f(z). Furthermore, we assume

that f is an L-smooth function: ||V f(z) — Vf(y)|| < L ||z — y]| for all z,y € R Smoothness
implies the following quadratic upperbound that we will utilize: for all z,y € R¢ we have f(y) —
f@) < (Vf@),y—2)+5|y— || . Before discussing the assumption on the stochastic gradient
noise, let us first define some notations.

Notations. We let v; denote the i-th coordinate of a vector v € R%. If a vector like z; is already
indexed as part of a sequence of vectors (where z; denotes the t-th update) then we use x;; to
denote x;’s i-th coordinate and z; v € R to denote the indexing with respect to an ordered subset
U C [d] of size k where (z4y), = T, ) Where k) is the k-th element of ¥. For gradients, we

let Vif(z) := 3% denote the partial derivative with respect to the i-th coordinate. Similarly, for

stochastic gradients ¥ f (z), we let V; f (z) denotes its i-th coordinate. If a, b € RY, then ab and a/b
denotes coordinate-wise multiplication and division, respectively: (ab); = a;b; and (a/b); = a;/b;.

Coordinate sub-Gaussian noise assumptions. If we denote the stochastic gradient noise as & :=
Vf(xzy) — Vf(x;) and & ; as the i-th coordinate of &, then we assume the noise is per-coordinate
subgaussian i.e. there exists o; > 0 for i € [d] such that &, satisfies

1 .
E [exp (A*&F;)] < exp (V07) VA < —Vield. (1
7
Note that || || being o-subgaussian implies that each & ; is also o-subgaussian, so our assumption
is more general than the subgaussian noise assumption. Furthermore, when ||-|| is used without
explicitly specifying the norm, one can assume it is the ¢ norm |[|-|,. We also use 0-indexing
convention i.e. [n] := {0,1,...,n — 1} for integer n € N.

3. AdaGrad-Subset-Norm: Better Convergence, Less Memory

We partition the parameters’ coordinates [d] into disjoint subsets [d] = (JSZ) ¥; with ¥; N ¥; =

0, ifi # j(e.g. V; = {zk:+1 ik +2,...,ik + k} for some subset size k € N so that kc = d).
Given a stochastic gradient V f(z;) € Rd at time ¢ for parameter x;, we denote V\y f(zy) € R
to be the subset of the coordinates of the stochastic gradient with respect to the subset W, (e.g.

<§\pif(a:t)>] = V,kﬂ 1.f(z¢)). Similarly, we can define Vy, f(z;) to be 8f(xt) . We define the



MEMORY EFFICIENT STOCHASTIC ADAPTIVE OPTIMIZATION VIA SUBSET-NORM

“subset-norm adaptive step size” b; ; for subset ¥; and the update rule for x;1:

~ 2 LT 2
b?,z:b%—l,z—i_Hv‘I’qf(xt)H :b(%_‘_ZHV\I’zf(xt)H ,1=0,1,...;c—1
j=1

Tpp1k = Te g — %@kf(mt), where k € ¥, forall i € [c]. 2)
X2

)

The algorithm is also presented in Algorithm 3. Note that choosing ¢ = d and ¢ = 1 recovers
AdaGrad-Coordinate and AdaGrad-Norm, respectively.

3.1. High-probability convergence of AdaGrad-Subset-Norm for non-convex objectives

We present the following high-probability convergence result for AdaGrad-subset-norm from (2):

Theorem 1 Suppose that f : R* — R is L-smooth and lower bounded by f, € R. Assume access
to unbiased stochastic gradients ¥ f(x;) with stochastic gradient noise & = V f(z;) — Vf ()
being o;-per-coordinate subgaussian for i € [d). For partitions of the parameters into disjoint
subsets [d] = Uf;é U; with U; N V; = ifi # j, the iterates x; given by (2) satisfy the following
with probability at least 1 — § (for failure probability 6 > 0):

-1 2 -1
Sicgllow.l |, ol + 55 llow| +Lc>  here

T
1 9 ~
— Vf(x <G()-0
7 IV H I < 60) ( I o
c—1
0= 0 (Z HU%”4 t Omax HUHg +cL + 03/20m3X> )
=0

2 d 2
and ||lo|ly =i, 01'2 and ||loy,||” = ZjE‘I/i 012"

Polylog terms are hidden in Theorem 1 for simplicity. The full theorem (Theorem 2) and proofs
are deferred to Appendix D. Theorem 1 provides guarantee for all partitions of the parameters into
arbitrary disjoint subsets and generalizes AdaGrad-Norm (¢ = 1) and AdaGrad-Coordinate (¢ = d)
results. The result is noise-adapted: if Zf;é |low, || is small enough, the rate becomes the optimal
deterministic rate of O(%) The next section explores implications of Theorem 1.

3.2. Coordinate-noise sparsity and dimension dependency

Theorem 1 presents trade-offs between the number of subsets ¢, and stochastic gradient noise.
Intuitively, if few coordinates contribute to the total noise, the scalar version is more useful as
|ow, ||? is small for most subsets. However, when many coordinates contribute to the noise, ||oy, ||
can be large for many subsets and become the dominating term.

Coordinate-noise sparsity d°. To make the intuition above concrete, consider the scenario with
various coordinate-noise sparsity rate: for rate 3 € [0, 1], some d” coordinates have noise o > 0
while the rest are 0. When 8 = 0, we only have 1 coordinate with noise. When 8 = 1, all
coordinates have noise. The rate 3 controls the density of coordinate noise. Furthermore, o upper
bounds all coordinate noise, i.e. ||o||oc < «, which is common in coordinate-wise analysis [5].
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Table 1: Dimension dependency versus convergence rate under various coordinate-noise sparsity.
Given a sparsity rate 8 € [0, 1], convergence rates are highlighted in red and green to denote the
worst and best dependency on the dimension d, respectively. Note that memory usage of AdaGrad-
Coordinate and AdaGrad-Norm is O(d) and O(1) while AdaGrad-Subset-Norm (with the equal
partition strategy) is O(d/k), where k = d'*#=0-6 is the noise dependent subset size.

Sparsity ~ AdaGrad-Coordinate =~ AdaGrad-Norm AdaGrad-Subset-Norm (equal partition)

Bel0,1] O (/T + 1) O (¢35 yT +d*/) O (%15 T 1 a1 7) if § € [0,2/3]
O (8188 )T 4 dVOBTOS ) E B € [2/3,1]

19, (dl,s/ﬁ + dz.a/T) 9] (YVT + Y1) 19) (d0‘3/ﬁ+ a/7)
(? (/T + d>°/7) Q (A5 )T 4 a7y O (42T 4 d5/7)
0] 9] (

(d2.5/ﬁ+d2.5/T) (dz's/ﬁ—}—d:‘;/’j‘) O ,12.1/\/7_«_(12.2/,]1)

D T ™
I

— o o
o

Derivation of convergence rate given coordinate noise sparsity d°.  Given 3 € [0, 1], we can
obtain a concrete expression for the convergence rates of various methods (different subset size)
from Theorem 1. For AdaGrad-Subset-Norm, we consider an equal partition strategy, where we
divide the coordinates into ¢ = d'~#k subsets of size d” /k each with the d” noisy coordinates into
just k subsets so that the rest of the ¢ — k subsets have no noisy coordinate. We defer the derivation
details to Appendix C and summarize the results in the first row of Table 1.

Discussions. In Table 1, the equal subset-size partition strategy for AdaGrad-Subset-Norm has
much better dependency on the dimension when the noise is not completely sparse i.e. 5 = 0.
Hence, if we expect the actual noise sparsity 3 to be around 0.75', then compressing with a subset
size of around d”*® is optimal. The dependency on d is important for modern neural network due
to the number of parameters d being much greater than the total number of iterations 7.

4. Experiments

We perform LLMs pre-training experiments on Adam-Subset-Norm (AdamSN) and RMSProp-Subset-
Norm (RMSPropSN), where we replace the second moment term of Adam [16] and RMSProp2 [29]
with the subset-norm (SN) adaptive step size (Algorithms 4 and 5 in Appendix B.3). We use a simple
subset partitioning scheme with no additional hyperparameter: for p € R™*"™, the adaptive step size
state is set to max(m, n). This compression scheme maintains the norm of the larger dimension and
aims for the rough d’4° subset size as discussed in Section 3.2.

Setup. We test our method on the task of pre-training LLaMA models [8, 30] on the C4 dataset
[26]. All of our experiments are conducted on NVIDIA RTX4090/3090 GPUs. We follow the
experimental setup as in GaLore [36]. Hyperparameter details are presented in Appendix B.1.

Results. Table 2 contains the main results on LLaMA 60M and LLaMA 130M, where we compare
against Adam [16], and memory efficient methods like RMSProp [29], and GaLore [36].

1. This is a prior implicitly imposed when selecting a subset size, where one should empirically estimate the actual
noise sparsity rate.
2. Note that we consider the version of RMSProp with a bias correction term, which is equivalent to Adam with 3; = 0.



MEMORY EFFICIENT STOCHASTIC ADAPTIVE OPTIMIZATION VIA SUBSET-NORM

Table 2: Final validation perplexity for various
optimizers for pre-training LLaMA.

Table 3: Peak GPU Memory Usage (Gb) for various
model sizes, obtained with batch size 1 and activation

Method 60M 130M 350M Optsize® checkpointing to measure the optimizer state footprint.

Ad 3045 2459 18.67 2

A d;ﬁSN 2075 2290 17.49 mn::_ m Model Size Adam AdamSN RMSPropSN  GaLore

RMSProp 3551 2594 2001 mn ?gl(;/IM igg ié‘z‘ ;gg ;%

RMSPropSN  34.57 2567 1872 m ) ’ ’ ’
350M 5.40 4.13 3.37 4.09

GalLore 3473 2531 1895 2mk’ 1B 15.37 10.36 7.55 9.41
3B OOoM* 18.25 12.68 16.01

a. Opt-size = optimizer state memory for parameter
of size m x n withm > n.
b. k is typically n/4.

a. Max memory of RTX4090/3090 is 24Gb.

Discussions. In Table 2, for both 60M and 130M models, AdamSN performs the best while using
less memory for the second moment state than Adam. For memory efficient methods, RMSPropSN’s
performance is competitive to other memory efficient methods like GaLore (fourth row), despite
using much less memory (due to no momentum state). See Table 3 for memory footprint of the
methods considered across different model sizes with batch size 1.

Finally, recent memory efficient methods for pre-training LLMs like GaL.ore [36], FLORA [12],
and GRASS [22] require additional hyperparameter tuning (e.g. Gal.ore has 3 additional parameters
including the scaling, rank k, and update gap) and computation (e.g. GaLore requires an expensive
SVD computation O(mn?) every 200 steps). In contrast, the subset-norm step size only requires an
additional norm computation, which can be fused to existing kernels for more efficiency.

5. Conclusion and Future Works

Our unified high-probability analysis for AdaGrad-Coordinate and AdaGrad-Norm, generalized to
arbitrary subsets, yields a convergence rate with improved dimensional dependency and a smaller
memory footprint. The proposed subset-norm adaptive step size shows promise in LLM pretraining,
offering a memory-efficient alternative to traditional adaptive optimizers without performance loss
or excessive additional tuning.

Future works. It is important to extend experiments to larger models to assess scalability. Some
future directions include combining subset-norm adaptive step size with momentum compression
techniques [12, 22, 36] for enhanced efficiency/performance and experimenting with different subset
sizes. It will be interesting to obtain principled parameter-sharing scheme similarly to subset-norm
but for the momentum term. Obtaining convergence results for other optimizers like Adam, and/or
under affine smoothness [3, 32], affine noise [11, 13], heavy-tailed noise [24, 25, 34, 35] are also of
great interest. These extensions will broaden the applicability of our findings and potentially lead
to more robust, efficient training algorithms across diverse machine learning applications.
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Table 4: Learning rate obtained from grid search. We find the best learning for 60M and found that
it works similarly well for the 130M model (as compared to experiments from [36] that have tuned
the learning rate for larger models)

Adam AdamSN Galore RMSPropSN RMSProp

Learning rate 60M  0.005 0.05 0.01 0.01 0.001
Learning rate 130M  0.005 0.05 0.01 0.01 0.001

Appendix A. Related Works

Convergence analysis of non-convex optimization methods has seen significant progress, with recent
works providing convergence proofs for adaptive algorithms like Adam [5, 16, 18]. Numerous
studies have explored convergence properties of various adaptive and stochastic gradient methods
[4, 5, 10, 20, 21, 23, 27, 33, 37], while lower bound analyses [2] have illuminated fundamental
limitations in non-convex optimization.

As model sizes grow, memory-efficient training techniques have become crucial. Following up
on AdaFactor [28], low-rank decomposition methods like Galore [36], LoRA [12], and ReLORA
[19] approximate large weight matrices with lower-rank representations. Projection-based approaches,
such as GRASS [22] and Flora [12], compress gradients or combine low-rank ideas with projections
to reduce memory requirements. A related but different method from ours is SM3 [1] where subset
(cover) statistics are used to show convergence in the context of online learning. These techniques
align with our work’s goal of enhancing memory efficiency in adaptive optimization methods for
large-scale machine learning models.

Appendix B. Additional Experimental Details

B.1. Hyperparameter details

In Table 2, we run all experiments on BF16 format, weight decay of 0, gradient clipping of 1.0,
cosine learning rate decay to 10% of the max learning rate with 10% linear warmup steps, and batch
size of 512. We only tune for the learning rate across a grid of {0.1,0.05,0.01,0.005,0.001}. We
train for 10,000 steps and 20,000 steps for the 60M and 130M models, respectively. Table 4 shows
the learning rate obtained for each method which is used across both the 60M and 130M model’s
experiments.

B.2. AdaGrad, AdaGrad-Norm, and AdaGrad-Subset-Norm

We examine the subset-norm step size for AdaGrad in Figure 1. We again see that subset-norm is
slightly better than the full coordinate version while using a lot less memory. This is consistent with
our observations for Adam and RMSProp when we replace the standard coordinate-wise step size
with the subset-norm adaptive step size.

B.3. Adam-Subset-Norm Implementation

Algorithm 4 presents the pseudocode for Adam-Subset-Norm as mentioned in Section 4.

10
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Algorithm 4: Adam-Subset-Norm with a simple partitioning scheme

Input: Learning rate n, EMA parameters 3; and (32, € > 0, optional weight decay wd > 0
Output: Updated parameters

for p € R™*™ in params do

grad < p.grad;

r <+ 0if m > nelse 1;

k < p.shape[r] ; // where k=m if r=0 else k=n

gradN < grad.norm(dim=1 — r) € R* ; // subset norm

m <« Sim + (1 — 1) grad € R™*™,

v 4 Bov + (1 — fB2) - gradN? € R¥ ; // omitting bias correction terms

p<p+ nﬁ ; // broadcast division

p—p—n-wd; // weight decay
end

Algorithm 5: RMSProp-Subset-Norm with a simple partitioning scheme

Input: Learning rate n, EMA parameter /3, € > 0, optional weight decay x > 0
Output: Updated parameters

for p € R™*™ in params do

grad < p.grad;

r+< 0ifm > nelsel;

k < p.shape[r] ; // where k=m if r=0 else k=n
gradN « grad.norm(dim=1 — ) € R* ; // subset norm
v f-v+(1—p)-gradN? € RF;

p—p+ nﬁ%ﬁle ; // broadcast division
P—P—1-K; // weight decay

end

11
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Training Loss (Smoothed) Evaluation Perplexity
600
| —— AdaGrad-Subset-Norm Mem=0(v d) \‘ —— AdaGrad-Subset-Norm Mem=0(V'd)
'\ AdaGrad-Coordinate  Mem=0(d) 500 \ ~ = AdaGrad-Coordinate ~Mem=0(d)
. — - AdaGrad-Norm Mem=0(1) ‘\ —  AdaGrad-Norm Mem=0(1)

400 \

Perplexity
@
8

_____

100 —~=

0 2000 4000 6000 8000 10000 2000 4000 6000 8000 10000
Update Step Update Step

(a) Training loss (10,000 steps) (b) Validation perplexity (10,000 steps)

Figure 1: Pretraining LLaMA 60M on the C4 dataset for AdaGrad variants. Memory consumption
estimate as a function of parameter count d is shown in the legend.

Algorithm 6: Generic Subset-Norm Adaptive Step Size Update Rule (PyTorch-y notation)

Input: Parameter P € R™*", step size n > 0, 3, and € > 0, and partition size k such that k
divides mn
R < (VP).reshape(m x n/k,k); // Reshape gradient into shape " xk
V«pBV+(1-p) - (Rsum(dim=1)); // Update state V via subset norm
reduction on dim 1

U + ﬁ GR%M; // Broadcast addition and division for update
step
P+ P—n-Uview(m,n); // Reshape U back to R™*"™ and update P

B.4. Generic Subset-Norm Adaptive Step Size Implementation

The implementations above is simple and does not require any tuning. To modify existing algorithms
to work with arbitrary subsets, one could utilize reshape as in Algorithm 6 for RMSProp as an
example.

Appendix C. Coordinate-noise sparsity convergence rate derivation

AdaGrad-Coordinate. For ¢ = d (AdaGrad-Coordinate), we get Zf;é log,|| = ad?, ||UH§ =
o?dP, and Zf;é low,||* = ad?, so our bound is

T
1 i ad®  a2dP 4 adf 4 I
7D ||th|§§O<a4d5+a3dﬁ+dL+d1~5a)-0<°‘d ord” Fad” + d).
t=1

Jr
VT T
The dependency on d for the slow term O(1/+/T) is d'°d® = d">*5. The dependency on d for the

fast term O(1/T) is d'-°d = d?-. Note that there is an inherent d*> dependency for the slow term
that does not reduce as the coordinate-noise density decrease.

12
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AdaGrad-Norm For ¢ = 1 (AdaGrad-Norm), we get ||o|3 = Z?:o losl? = o
ad®/?, and ||o||* = a*d?®. This means that our bound is

T
! 2 = A (oAa28 + o348 - [ad??  a2d® + adP? + L
— < . .
TZHVt”sz(ad +a’d +L+a) 0] N + -

t=1
The dependency on d for the slow term O(1/y/T) is d?% - d?/2 = d2%8 The dependency on d for
the fast term O(1/T) is d*# - d° = d®°. Note that when 3 = 0, or when all the noise is on a single
coordinate, we recover the dimension-free results of previous works.

AdaGrad-Subset-Norm. Now, consider the following partition strategy, where we divide the
coordinates into ¢ = d' Pk subsets of size d®/k each with the d® noisy coordinates into just
k subsets so that the rest of the ¢ — k subsets do not contain any noisy coordinate. We have
Ha\ijg = o’d’/k = |oy,|, = ad®?/k" if j is a noisy subset. We can compute
>0 low | = ad?2k0%, ||o|l3 = Y255 llow,|l; = a?d?, and 3¢5 ow,||* = a*d®?/k. We
get a bound of

T
1 - 3/2
=2 IVell2 §O<a4d25/k+a3d5 +dPRL + (d1 Bk:) >
t=1

Y it N o?d® + ad’?k*5 + Ld' Pk
VT T '

Set k = d"#/5=3/5 50 that (dl_ﬁk)?’/2 = d%8 /k = d3P/5+3/5_ Then we can simplify

*ZHVtHQ < O( 43BN/ 1 (38 4 2BHD/5 4 B3B+1)/5,, )

- [ ad(128-3)/10 o2db + ad(126-3)/10 + Ld2(B+1)/5
+ .
VT T

The dependency on d for the slow term O(1/+/T) is d*#+1/5 . q(126-3)/10 — g3(14+68)/10 —
d03+1-88 " The dependency on d for the fast term O(1/T) is a bit more complicated: For 8 €
[0, 2], we have the dependency on d is d3BHD/5 L q2(B+1)/5 — @f+1 For § e [2,1], we have the
dependency on d is d3(F+1)/5 . gf = @B3(B+1)/5+8 — 41.66+0.6  Note that this is only a possible
partition strategy where the subset sizes are of equal size (which is probably the most natural and
easiest to implement). There, the optimal subset size is k = d"*#~06, for which if we plug in

B € [0,1] we get a range from 1 to d*8.

Appendix D. Full Theorem and Proof

We show the full result in Theorem 2 with all the polylog terms omitted from Theorem 1.

Theorem 2 Suppose that f : R? — R is L-smooth and lower bounded by f.. Given unbiased
stochastic gradients N f () with stochastic gradient noise & = N f(x;) — V f () being oi-per-
coordinate subgaussian for i € [d|. For partitions of the parameters into disjoint subsets [d] =

13
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Uf;é U; with U; NW; = 0, ifi # j, the iterates x; given by (2) satisfies the following inequality
with probability at least 1 — 6¢0 (for failure probability 6 > 0):

T c—1
1 2 430 lowl | 1(9)
= <G(6) - = ! h 6) and 1(6 Iyl :
T :E Vi[5 < G(9) ( T + T | where G(9) and I1(9) are polylog terms

G(9):

2A 8log
10) = lloolly + == + 3 == [loll3 +y/log 5 an | +SnLelog -

0,min b 0,min

8 low, |* log 3

c—1
HS) =Y (ln (T/8) llow,|I* + 2a) ( ég 4
i=0 i

where ||U||3 = Z;i 10 HO'\I! || Zje\l/i 0']2" Omax — MaX;c(q] Ti, A1 = f(wl) - f*, bO,min =
minie[d] bO,i > 0.

D.1. Proof of Theorem 2

For simplicity, in our analysis, we will use ﬁt,i = @Zf(mt) and V;; := V,;f(x) to denote the

i-th coordinate of the stochastic gradients and gradients at iterate ¢, respectively. The proof utilizes
techniques and follows the strategies [21], where the main effort is to adapt the techniques for
handling subsets from the AdaGrad-Norm and AdaGrad-Coordinate proofs in [21].
2 ﬁkbf (z¢)
t,i

Proof We write % to denote (H) = for £ € U; (we will use this notation briefly to

show some steps and will not be crucial in the main analysis). We start with the smoothness of f
and A; := f(xy) — f.

INTSHog ||+ 1
2 () + (mrr/anaug +an+4cs/2amax\/m?§> 1og< VT i low,] +16)
n 0,min

1
+210g (14 ou, P T+ Homr?logé)) .

)

Appr — Ay <V (@), 2441 — o) + g |er1 —
2 ~ 2
A AR o
-1 V V —1
= Z — 777 Z Z 7
0 jew;, b —0 jew, ‘ti
-1 V2. _
= Z Z 7] é-ty] + Vt,] L Z Z thJ (ft,i = vt,i — Vtﬂ')
€v; i=0 jew; i1
OIS zszfw (£ Spppit
ev; br,i i= 0]@1/ i 2 i=0 jeU, t%
. 11 2L 2 Vi
> S T S (v Y T g
—0 jew; b i=0 jew, bl i=0 j b i=0 jew; i
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1 1 . 1.
Now,weanalyzem—mforZ—O,l,...,c 1:

I B L% R
api  be; g ibe i
2 2
bt,i — Ay,

atibei (bei + agi)

~ 2
b+ Vet @) = 0 — 19, )
apibyi (bei + ag)

~ 2
|Ve.s@)| = 19w f @
aribei (bei + agi)

(|9w.s@| = 19w s@)l) (||| + 19w £l
aribei (bei + ati) ‘

~ 2 N
since b = g+ [Fuuf 0] 2 [Fousto] and e = B+ IR w0 2
|V, f(x)]], we have

| (Rt - 1veseol) ([Fese] +1vese)
ai bl atibr (| Vuf )| + IV, o))
|Vt @] = 19w sG]
= ag by i

. Hﬁwif(xt) - V\Ifif(xt)H

- ag,ibe i
el
aribi
Hence, we have
11 < &2, ||
ari  bei| T apibyi
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Then from 4, taking the absolute value of ) ;_ Z]e\y (at - %) V.5t we can bound:

I S IR ZZ’M+ZZ mmu“zz

= OJE\II te = 0]6\11 b0 1= OJE\I/ b0 1= 0]6\1/
Vm §t, Hﬁm I n*L
- ZZ o Z “ D Vil + 5 ZZ
i= 0]6‘1’ te i= Oyelll gt b jew, i= 0]6\1’ tz
: Vi §t, H&\P |
< nZZb”— ZZ o Z vaumrwf
i= OJE\I/ bt i=0 jev; b b i=0 jev; tﬂ'
S SD IR S) DR
= OJG\II te =0 jev;

1€, 112 HVw [& -
+n) &l
Z 2b2 2at’z

i=0 j t,l

where (D) isdueto iy, [Vii&il = (Vew, | [&u,]) < [V, [[€w, | and |- \denotes coordinate-
wise absolute value when we apply to vectors. The last inequality is due to 2ab < a? + b. Now,
we can sum both sides for ¢t = 1, ..., T to telescope the LHS:

Arpr— A < i( Z T waw
T+1 1>

t=1 1=0 jev, b0 1=0 jev,

A ||Vt\11 I Vi
+772H§7 ZH< 20, %2, ) ZZ J)

i=0 jev, “

c—1

Rearranging gives

T c—1 2 T c—1
vt _A-A v 5
ZZ Z J 1 T+1 ZZ Z Vit,jStj
t=1 i=0 je¥, i t=1 i=0 jey;
A
T c—1 2 2 T c—1 2
H&Z‘PZH Hvt,‘l’zH 77L V
33 g ( Wt a ) T 2
t=1 =0 )t g t=1 =0 jev; )t
B c

On the LHS, we note that
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We now bound each term separately. It’s easiest to bound C": Zthl Zf;é >jew,
v Y%

T c—1 c—1 T %? d T bt2 ? . Zd: -
5J 2 —1, X3
RN ) 3D DRI o) Sl P
t=1 i=0 j€U, m‘ i=0 t=1 jev; btﬂ‘ i=1 t=1 iy i=1 bo,i
~ 2
c—1 T ’vt v,
- Z 2
i=0 t=1 btﬂ‘
-1 T
_ CZ Z b%,’L bt271,1
2
i=0 t=1 bt,i
it b%—l,z
=2 > -
i=0 t=1 12
c—1 T b2»
< Z log bZM
i=0 t=1 t—1
c—1 T b
=2 log H be
=0 t=1 bt_l’i
c—1
T,i
=2 log —
Z bo,i
=0
We now have a useful inequality
[Fe. b
ZT<2lgb Vi=0,...,c—1. 5)
t=1 t, 0,4

Next, we deal with — Zthl Yoz Z]@P vtajft L via a martingale argument. Let F; := o (&1, ..., &—1)

denote the natural filtration. Note that x; is F;-measurable. For any w > 0, we have for each i € [c]:

2

E |exp | —w Z vt’j&’] — 2w? Z tj | Fi

JEY; JjeEY; f

292
osV7 . Vi€
_ 2 J 't Vit,jStg
=exp | 2w E - E |exp | —w E o | Fi
jew; b jEew, i

<1.

Then a simple inductive argument and using Markov’s inequality gives with probability at least

1-9:
—wz Z vt’]gt’] < 2w2z Z ’] +log(15

t=1 jev; t=1 jev; )i
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By a union bound across all ¢ subsets, we have w.p. at least 1 — ¢d:

T c—1 v 6 T c—1 c 1
VtjStg
- = + — log —. 6
2.2 2 YD > o ©
t=1 =0 jeVv, t=1 i=0 jeVv; s
. _ V2.
Let’s call the event that (6) happens E;. Now, consider .7, S7¢7/ jew, 5>+ We have
%
5 Vis _IVenl’__ IVew)”
) )
jew, M At b?JW‘FHVtW|
o 2fF| 2l
<
b 1z+2Hvt‘I’ +2 &,
2
IVewl® HW Lyl
a2, b2 2.
t,1 t,i
~ 2
For () we use the fact that ;7 is an increasing function and IVew, > = Hvt’% +&y,| <

. 2
2 Hvtﬂji ‘ +2||&w,||%. Let omax == max;e(q i, then under event F;, we have with probability
at least 1 — ¢4:

T c—1 T c—1 272
_2: E:thft,j <§:§: waiVi; Elo 1
ar; 2 & 1)
. t,1 X : a
t=1 i=0 jEU,; ’ t=1 i=0 jEU; 2
T c—1 2
< 2 E E t,j c 1 1
S WOpax 2 + E g g

2

166w, )17 c. 1
2 — log —
* b?i +w0g5

2
XA

T c—1 v )

1 (22

= Omax ClOgSZZ 2 b%- + 2 b%. + Omax clogg
S — K K

q/clogé

Omax

(setw :

T

_9 Z n €20, ]2 n

= Z ) 3 (0%
bm by ;

where the second to last equality is due to choosing w = ” and the last equality is letting

Q := Oppaxy/clog % for readability.
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Let M7 ; = maxi<7 | ;|. Using our notation, we can define Mt v, := maxi<7 ||£; w,||. Under
event £; (and our new bound for C'), we have that with probability at least 1 — ¢4:

T c—1 T c—1 T c—1 2 c—1
Hvt\If 2 (C) Al Vi,i&t, €00, I ||Vt,\1'i” bri
P RIUTIEEE I 3 3h SR 0 3 T €L RS et
= tyi t=1 i=0 jew, bl =1 i=0 ti ti =0 0,4
T c—1
sﬂ—zzz T g
miE S0 jew, Y
c—1 2 c—1
I€ew. | I Vel by,
+ Mrw, + - +nL ) log-——
(def of Mr,y,)
1 \V4 2
(E1) A & H 0, 112
=Y i +||£t,\2112|| bt
n i—1 i=0 bt,z’ bt,z‘
bound with (C)
T c—1 2 2 c—1
1€ wll” | [[Vewl br;
Mr,y, 5t -5 — | tnL ) log— ®)
tz:; ; ( 2b7; 2a7; ; bo,i
T c—1
(C) A
Ao, ZZ Hft\l/ ||
t=1 1=0 tl
T c—1 2 c—1
1€, P | [1Vew,l
Mry, + : + (nL + 4« log )
ZZ (5 5 )2 loe
T c—1 2
A )
< —14—20422 ||§t,\21fz|| 4ot (10)
N t=1 i=0 bt,i
T c—1 ||€\I/|| T c—1 \I/H c—1 b
M ) t,\U,; M v t L 4 1
Z' T, 202, +Z v, + (nL + ozz:ogboz
t=1 i=0 K t=1 i=0
(11)

Let us turn our attention to Mp y, := maxi<7 ||&; v, ||. Note that

2
exp (maXtE[TQL||£t,‘I’i|| > > exp <‘:j>] (for w > 0)
) max;e|(7) (XA (Markov)

w
) o (nmf || >]
w te[T) w
Dzr=()
exp :
w

P 112> Al =P
e I

< exp

-
e (-
e (-

te|T)
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‘We have

E

2 r 2
exp (Iét,;l}/ill >] _E |exp (Zjeii 51%4)]
& _exp (Zjeii 53,;‘)]

= (5)
= Hexp o

FRY

2 .
— H E [exp (%)] ) (independence)

JEY;

Since sub-gaussianity give us

E [oxp (V%€2,)] < exp (V20?) V1A < Vi€ [d],

2 2
we have E {exp (if)] < exp <(;J> if \/g < % We pick w := ||oy,||* = > jew, o7 >

UJQ-, Vj € ¥, . Hence, we have
2 2
E [exp (|£t,\11¢||2 )] < [ e ( o’ 2)
low, |l jew, low, |l
<||U\If~||2>
= exp =1 =1 (12)
low, |l

We have actually shown that & ., is a || o, || *-subgaussian random variable in R¥ (see Proposition
2.5.2/in [31]). This fact will come in handy later. Now, we have

2
Pr [max e, 1P > A] < exp (_Az> Sk lexp (H&,%Hz )]
te[T] llow, || o o, |

A
= exp <2> T

Setting exp (— HaA 2) T = 6 gives A = |0, || InT/5. Hence, we have with probability at least
1-0, "
My, = ?elfiT>]<||€t,\Pi||2 < |low > InT/s. (13)
Union bounding across all i = 0, 1, ..., ¢ — 1, we have that with probability at least 1 — ¢d,
Mry, < |low,||*InT/8, ¥i=0,1,...,¢— 1. (14)
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Let us denote the event in (14) by E». Combining it with event £ and starting from 10, we have
that with probability 1 — ¢§:

T c—1 T c—1

T c—1
ZZ Hvt\If 2 A1, ZZ Hft\lf 2 ta +Zc . Hﬁt,%HQ_I_
i B
t=1 i=0 t=1 i=0 tl t=1 i=0 thﬂi
T c—1 t\l/ H c—1 bT‘
MT’q,i’ii + (nL + 4a) log —*
5 Hm [§ e 2 6|
+2az +InT/6> Y o, S tot
t=1 i=0 L t=1 i=0 0
T c—1 H \IJ || c—1 bT
mT/6Y Y llow|® 5 + (nL + 4a) Zlogb !
t=1 i=0 0,4
low, H usm I”
+Z InT/6821 4 2¢y Z at
n =0 tz
- 1
h’lT/(SZ”J\IliH ZHV@%II (L + 4a) szlog '
i—0 2 —1 CL?J — bOz
IVew” _ o 90wl Hf I’
Recall that 1520 < 2 Z’Q\I’i +2158% 0L \we then have
t,1 t,1 t'L
HU\I/ & IIVm [& low, H H Ié"tqf I°
lnT/(SZ Z <In T/(SZ b? 7,
t= 1 l l

=1nT/5§Ha 12 ZH H +1nT/5ZH Nk ZH&\I/H
i=0

c—1
<InT/8Y |low,|? log +1 T/éZH 17 Z”&W I :
=0
(from 5)
Hence, we have with probability at least 1 — 2¢9:
T c—1 c—1
\Y%
Zzn lt)\I/H +Z(lnT/6Ho\p I + 20 )ZHft\p” (15)
t=1i=0 b i=0
c—1 b c—1 bT
+a+lz%lnT/(5Haq, I log 2 bos +§(nL+4o¢) log bO:i
6.0 11”
t
;OHT/(HIJQ 12 + 2a )Z S (16)
c—1
2 br
ot (lnT/(SHa%H +7}L+4a) log 2. 17
i—0 0,2
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2 ‘ ~ 2
Now, we bound Zle Hgtb";i I and log I;Z’?. We need to first lower bound ZZ:I Hvt,\lli . We
t,i )
proceed by noting that
IVew ] = 1Vew, + &’
= [Vewl® + 2(&w,. Vew,) + 1€w,°
= (IVew: | = Vw12 + € wl* = 2w, Vew,)-
Define for ¢ € {0, 1,--- , T} and some constant v, to be specified later:
t o~
Ut = exp (Z wy (Vo0 = Vo] + €0, ]2) - vsrrvs,w?)
s=1
= U exp (wr (1900, = V0,2 + 1€00,]17) = 00l V0,1
= Uy - exp (wr (2(&w,, Vew,) — vt Ve, [?) -
First, note that U; € F;. We show that U, is a supermartingale
E[Us1 | Fi) = E [Us - exp (wi (20w, Viw,)) = vl Vew,|*) | Fi]
= Urexp (—ve[|Vew, [I*) E [exp (2wil&sw,, Vew,) | Fil
(%)
< Urexp (~ur[ Ve, I?) E [exp (40w, | | Ve |?) | 7]
= U, (w=dw? |low, |I*)

where (x) is due to Lemma 2.2 of [21] and the fact that & y, is ||oy, ||*-subgaussian from (12).
Hence, by Ville’s supermartingale inequality, we have

Pr [ max Uy > 5_1] <OE[U;] =4.
te[T+1]

This implies w.p. > 1—-4,V0 <t < T:

t

~ 1
> ws (IVoawill = V60012 + 166w, 17) = vell Vo2 < log 5
s=1

t t t
= 3 (w0 — 402 0w, |2) V0wl + D wellow, P < D w0, Fow, I + log

s=1 s=1 s=1
t

t t
-~ 1
2
= 30 (1w flow ) 190w+ 3 [nwl” < 301900+ - log

s=1 s=1 s=1

1
5
1
;-

L to get

4o, |

Set wg =

t t
S 1
D l&swill* < 3 IVsw * + 4 llow,|Plog 5, vE < T. (18)

s=1 s=1
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2
We are now ready to bound Zthl ”&g ol . Starting by applying (18), we have that with probability
t,i
atleast1 — 0
T T
Z LY || 1€, 117
~ 2
=1 t=1bg; + > Hvt,%
T 2
ISR
<D : ——
=+ (S P — 4llow, | 10g §)

where ()t = max {z,0}. Let 7 = max ({0} U {t € Ner | S0 l€s,0:|” < 2C’}> for some
C > 0. We have

T 2

12,11 ng I 166w, |
y il s leeal’, 5 s
t=1 5t

2
“ t=7+1 b i T 22:1 Hvt,‘l’i

RN Al
< €0, 1> + 2
b2 2
bo.i E:: t;l b2 +Zi:1 165w, 1% — 4o, 10%%
Hftﬂ’i”z
S 2 + Z t

Wity U+ Y €swll? — 4llow,|*log 5
Now, since Sieaflton [ > C fort > 7, we have B2, + S0 ||&0, |2 — 40w, |[*log: >

) 5 > ; 0,i s=1 l1Ss,9; i 5 =

b(2),z‘ —4 ”U\yiHQIOg% +C + %Zizl “537Wi|’2. If bg,i —4 Ha\pi||2log% > 0, then we pick C = 0

and 03 ; — 4 [low, |*log 5 + O+ 5 3y 1w l® = 5 S0y I€s,w, 1% 1605, — 4 low, || *log 5 <0,

we pick C =4 Ha\piHZIOg % —bai > 0, which gives bai—4 ||0'\1;i||2 log%—l—C’—l—% 22:1 ||§s,\1;i\|2 >

5 2ur1 €5, 1% Ineither case, we have b ;—4 [|ow, ||* log 5+C+5 320y 65w, 17 = 5 2oy s, I
Hence, letting C' = max (0, 4 ||oy, ||* log 1 - bai) < 4||oy,|*log %, we have with probability at
least 1 — 0:

T 2
1€, |

bl 24 3 pal
t= 7—_|_1 Zs—l ||§S ‘1/H

0,2

Hm [&
< + 2
b%z Z S 1||§w 2

< 8low|log} Z lee I

- b, = Y [&aw|®
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Let Xy =1+, 6o, ] = .||, where X = 1. Then,

T T T
Z 1€, 112 :ZXt X1 Zl Xt 1
=1 22:1 Hfs,‘PiHQ t=1 t=1
T
X, )
< lo
> g<X~

o) =g (1‘1'2’\55\1/ ) )

t=1

T
1€ ]* _ 8llow,|* log 3
DT < g+ 2log 14 ) [[€aw I (19)
)i 0,7

t=1

It remains to bound 23:1 €5, || Note that

2”5“’” S [p< fou,IP ) exp("vwiHQ)]
i o T gs,%nQ)]
. [e p (Zt_l |ow, |
P <ch\>

exp(T)

S - -~ 7
[low

Choosing u = |joy,||> T + ||o, ||* log % gives that with probability at least 1 — &, we have

Pr

(&s.0,1 ||ow, ||*-subgaussian)

T

1
D Mgs il < llow, |* T + [low,|[*log . (20)
t=1

Having a high probability bound on the sum of the stochastic error of the subset-norm, we can
combine both events from (19) and (20) to get that with probability at least 1 — 24:

2

_ 8 0—\I/Z'|210gl .
ZH&I;EJZH ol sz %+ 2log ( 1+ low, | T + low,[*log < ) @b
t=1 "t 0
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Then we can also condition on the event that (21) happens and combine it with the event in (17) to
get that with probability at least 1 — 2¢d (assuming ¢ > 2), we have

S Ve S 2 o) 3 e
SOy et s +Z(1HT/5HU%H +2a)z - (22)
t=1 i=0 ! i=0 t=1 2
c—1 b
+a+ Y (WT/3]low, | +nL +4a) log - (23)
=0 0,2
c—1 1
A 8llow. ||“log = 1
< B S (5 ow, 2+ 20) (7B 100 (1 g, BT+ o, g
n i—0 bO,i 0
=:H(6)
(24)
c—1 b
—|—a—|—Z(lnT/5||aq, 12 —|—77L+4a>10g bOz
=0
A = br
7+H(5)+a+z(m:r/(suaq, I2 —|—77L+4a>logb . (25)
i—0 0,7

First, note that by; < ||br||; = Zf;é br,i. Letting by min := min; by ;, we then have

c—1
og LI 5™ (10745 g, |2 + 1L + 40)

b .
0,min i—0

c—1
iz; (lnT/5 low,||* +nL +4a> log l;

b
= log ” TUI (lnT/5 lo|l5 + enL +4ca) .

bO,mln

v
Now, note the LHS term Zt 12 im0 ) M

c— 2 c—1
IVew.l3 -
(Z o Zb 2 (X 19wy | 2 319wl = 1Vl

of (23):

1=0

v IViw, Hg
— <
(i) 35
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Now, 32570 bri = S5 |bil = [Ibe

1» so with probability 1 — 2¢d:

T T T e
3 Vel <3 A < Z Ve, Hg
2 Torlly, < 2 Tolly, = 252< b
= Hm 13
= Z”VtHQ <brlly YO 2
t=1 i=0 20
A
<ozl <771 +cH()) + (lnT/(S ||0H2 + an+4ca> log | THl) (26)
0,min
A
<ozl <771 +cH(9) + (lnT/(S o3 + an+4ca> log! THl) .27
0,min

It remains to bound ||br||;. We start again from smoothness of f:

L
Apr1 — Ay < (Vim0 — o) + *Hl‘tH*xtH

~{v )+ 2
e
<@

Vt

be

i=0 jew, tﬂ

~ 2
Vi AV 772L < H t,v;
ts bt>+77<£t7 bt>+ 9 Z bgl

=0

&Vey 1L Ve
OB IRL +zzz;77zhﬁ

1=0 jev,; te 1=0 jev,; =0

~ 2
va 27 ¢l H £ el RV
L i &t,i Vi,
nZ DI DD D )
i=0 2 i=0 jev, ot
Note that

1 = -1 -1

Py ety 1556 155 %

= by T 24~ ti 2 by i

JjeEY; 1=0 jev,; =0 jew

~ 2

—1 -1
kA
25 jew, bi 245 b
Plugging back in, we have
1|V 2 1| 2 1
c— c— Cc— 2
n H bW 2 H LY n &2, ||
A1 — Ay < —— -— L — —
t4+1 t= Ty ZZ; bea +n ; bQZ + 5 ; b
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Summing over 7" and rearranging, we get

5l

t 1=

T c—-1
—

T c—1
1
t=1

=0

We can bound Y"1

T T
AnL 1 ~ 2 AnL 1 ~ 2 4 L
Sl o Tl =2 (5 [l + X | 5
t=1 \ "ti b =1 \ 't £ t=ri+1
<0
-
1 4dnL 1 ~ 2
= bz T by HVm
t=1 t,2 tz,L
~ 2
i vt,‘lli
<d4nL 5
b, AnL
< 8nLlog -~ <8 nLlog il
bo,i bo,i
Hence, we have
TCIHA 2 T c1”g H e—1 0L
0,
Z +QZZ +877LZlog bos
t=1 1=0 t=1 7=0 2 =0 ’
Consider the LHS
. 2
T 1 T -1 T -1
EC Hvt\p ZC bt,z bgll:ZCZb- bt2—11
by ; - by i
t=1 1=0 t=1 7=0 ) t=1 7=0 ’
T c—1 b2 ) T c—1
t_
> Zzbm 5 2= Z bri — b1
t=1 i=0 t=Li 3750
c—1 T c—1
=33 bi—bi1i=> bri—bos
i=0 t=1 i=0
= [[orll; = llbolly
Hence, we have
1T
201 &,
Py < il + 220 35 Tl g
i=0 t=1 min

o]

T
ey

t=1
T

HA

’L
+2Z
t=1

e (t"L

1=

cl|

0

= €,
e TR

N\ e
b) HVW

so that t > 7; implies b;; > 4nL <=

T c—1

|5t\11 [& P LZZ

b t=1 i=0

T c—1

t=1 =0
2
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as follows. Consideri € [c]. Let 7; = max {t <T' | b;; < 4nL}
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It remains to bound ZtT 1 e f’ I for each ¢ € [c]. Recall from (21), with probability at least 1 — ¢

t t
~ 1
Do léwll® <D IVewl® +4low,|*log <, V¢ < T.
s=1 s=1 0

We have with probability at least 1 — 2¢4,

T 2
Z \&\If H [1€¢,w,
= W%,i ST

1y L 52.

S E : t,e

t=1 2 t 2 2 1\t
i (S w12 — low, 108 1)

T

—
~

_ 8llow,[*log 5 d
me/i > el
t s=1

2) 8oy, || log L 1
< 7w, log 3 +4y/low,|° T + [low,|* log +,
b()’i 1)

where (1) is due to (18) and (2) is due to Lemma (20). Hence, we have that with probability at least
1 — 2¢9,

18 0'\1/ log 1 4dnL
Jorll, < ol + +Z BI85 5 4y [l 7+ o, Pl £ + 8Lt 22
i—0 0,min
2A1 8log + &2 <! 1A AnL
< Uil 20 G S o P+ 0T 3 o+ o 3l + sureog
mln 7,:0 7,:0 ,IMN1N
9A; 8logi 14 AnL
4T ZHU\I/ I+ ool + 220+ 258 g8 1 fiog 13 | + Sy Lelog
b ,min ) i—0 bO,min
=:1(6)

Hence, we can combine (27) with the bound for ||br||, to get that with probability 1 — 6¢4:

T
A b
S IVl < lorll (nl FH() + (mmnau% Fenl+ Aoy flog 5) log | T”l)
0,min

t=1
c—1
< (4\/:FZ|!%H +I<6>>-
=0

c—1
(Al +H(0) + <1n T/5 ||oll3 + enL + 4¢*201maxy / log ;) log (NTZ”; low |l + 1(5))) :
n 0,min
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Dividing both sides by 7', we get the theorem that with probability 1 — 6¢d:

T c—1
%Z IVell5 < G(9) - <4Zi0 low + Hd)) , where G(¢) and I(0) are polylog terms:
t=1

VT T
4 gy
G(5) :=A,71+H<5>+ (mmnauz+an+403/zamax log(15> log< ﬁzz:bo Ham+1<5>>
0,min
2A 80g
10) = llbolly + ==+ 3=E lol; + mog Znaq, |+ 8nLelog b

c—1
8|low,||” log 5 1
H(6) =Y (0 (T/9) ow,|” + 20) (M +2log (1 +low |l T + [low,|* log 5)) .
1=0

2
bO,i
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